[1] The investigation of throughfall patterns has received considerable interest over the last decades. And yet, the geographical bias of pertinent previous studies and their methodologies and approaches to data analysis cast a doubt on the general validity of claims regarding spatial and temporal patterns of throughfall. We employed 220 collectors in a 1-ha plot of semideciduous tropical rain forest in Panama and sampled throughfall during a period of 14 months. Our analysis of spatial patterns is based on 60 data sets, whereas the temporal analysis comprises 91 events. Both data sets show skewed frequency distributions. When skewness arises from large outliers, the classical, nonrobust variogram estimator overestimates the sill variance and, in some cases, even induces spurious autocorrelation structures. In these situations, robust variogram estimation techniques offer a solution. Throughfall in our plot typically displayed no or only weak spatial autocorrelations. In contrast, temporal correlations were strong, that is, wet and dry locations persisted over consecutive wet seasons. Interestingly, seasonality and hence deciduousness had no influence on spatial and temporal patterns. We argue that if throughfall patterns are to have any explanatory power with respect to patterns of near-surface processes, data analytical artifacts must be ruled out lest spurious correlation be confounded with causality; furthermore, temporal stability over the domain of interest is essential.
Introduction
[2] Spatial patterns of several hydrological and biogeochemical processes at the forest floor have been linked to throughfall patterns, such as the distribution of soil water content [Schume et al., 2003] , seepage water and ion fluxes [Manderscheid and Matzner, 1995] , decomposition of organic material [Möttönen et al., 1999] , root water uptake [Bouten et al., 1992] , and root growth [Ford and Deans, 1978] . The verdict is, however, not unequivocal. Raat et al. [2002] and Shachnovich et al. [2008] found no relationship between throughfall patterns and the distribution of the soil water content, which they attributed to the homogenizing effect of the forest floor. Nonetheless, this list hints at the potential impact of throughfall patterns on hydrological and biological processes in forest ecosystems. It appears that the strength of the link between throughfall and processes at or below the forest floor critically depends on the spatial patterns of throughfall and its temporal persistence.
[3] Spatial patterns are, of course, intimately linked to spatial variability, which by all accounts is rather high for throughfall [Levia and Frost, 2006] , though large differences exist among forest ecosystems; latitudinal and management gradients may explain some of them [Lloyd and Marques, 1988; Hölscher et al., 1998; Möttönen et al., 1999; Keim et al., 2005; Holwerda et al., 2006] . Throughfall measurements in managed temperate forests, for example, vary from 0 to 100% of incident precipitation [Lloyd and Marques, 1988] , whereas a range of 0 to 200% is representative for many tropical forests [Lloyd and Marques, 1988; Holwerda et al., 2006] . Some forests, however, exhibit even more extreme distributions with a range between 0 and 1000% [Cavelier et al., 1997] . Such skewed frequency distributions emerge because some leaf morphologies, e.g., leaves with drip tips, and canopy structures, e.g., drip points on inclined branches, favor the concentration of throughfall; consequently, other below-canopy areas must be drier. As to spatial structure expressed in terms of autocorrelation, the reported correlation lengths vary as widely as the few forest ecosystems investigated. Some researchers found no autocorrelation over the studied lag distances [Loustau et al., 1992; Bellot and Escarre, 1998 ], whereas others detected spatial correlations in the range of 3 to 10 m [Möttönen et al., 1999; Keim et al., 2005; Staelens et al., 2006] . Surprisingly, Loescher et al. [2002] detected autocorrelation of throughfall measurements over a distance of 43 m in a wet tropical forest, which they attributed to canopy gaps and individual tree crowns. It is tempting to interpret this broad range of recorded autocorrelation patterns as a reflection of differences in forest structure. And yet, the high variability of throughfall at small spatial scales should focus attention on the appropriateness of the design [Skøien and Blöschl, 2006] and the data analytical tools [Zimmermann et al., 2008b] on which those correlation lengths depend.
[4] Temporal persistence seems to be required to initiate moisture gradients strong and persistent enough to trigger biotic and abiotic responses. The results of the few studies dealing with the temporal persistence of throughfall patterns vary from no persistent between-storm throughfall patterns [Lin et al., 1997] to stability over several months [Raat et al., 2002; Staelens et al., 2006; Zimmermann et al., 2008a] .
[5] This brief overview points to rather diverging results, and the lack of explanations for observed throughfall autocorrelation structures and temporal persistence, despite their relevance for a range of biotic and abiotic processes [Keim et al., 2005] , motivated us to seek answers to the following research questions:
[6] 1. Do putative spatial and temporal patterns of throughfall reflect a natural phenomenon or the choice of variogram estimators?
[7] 2. Does the redistribution of rain in a heterogeneous tropical rain forest canopy result in a detectable throughfall autocorrelation structure over the studied lag distances?
[8] 3. Do throughfall measurements show temporal persistence?
[9] To answer these questions is not only important for several aspects in hydrology but may equally influence the work of biogeochemists and ecologists as near surface water in forests controls key chemical reactions (e.g., nitrificationdenitrification rates [Raat et al., 2002] ) and plant growth (e.g., survival of seedlings [Engelbrecht and Kursar, 2003] ).
Materials and Methods

Site Description
[10] We investigated throughfall patterns in a 1-ha plot located in the Lutz Creek Catchment (9°9 0 N, 79°51 0 W) on Barro Colorado Island, Panama (Figure 1 ). The island was isolated from the main land during the creation of Lake Gatun, which is part of the Panama Canal. The area is characterized by a rough topography with steep slopes of up to 40° [Dietrich et al., 1982] . The 1-ha plot, however, is situated on a more gentle northwest facing hillside with an inclination of 13.1 ± 7.3°(mean ± 1sd, 10 by 5 m grid, n = 210). The climate of Barro Colorado is characterized by distinct wet and dry seasons. The wet season lasts approximately from May to mid-December. Total annual rainfall averages 2651 ± 441 mm (mean ± 1sd, n = 83, data from 1925 to 2007 . The vegetation is classified as tropical semideciduous moist forest [Foster and Brokaw, 1982] . Ten percent of the canopy tree species are dry season deciduous [Croat, 1978] . Deciduousness in the area is a complex phenomenon; some trees can be leafless for several weeks to months every year, while others drop their leaves only in particular dry years [Foster and Brokaw, 1982] . Because a few tree species lose their leaves in June-July, deciduousness is not a mere dry season phenomenon, which adds another aspect to the within-canopy dynamics. The forest in the study area is secondary growth of more than 100 years of age with an unevenly distributed understory. Stand height is 25-35 m with few emergents approaching 45 m. The stand characteristics in our plot (Table 1) closely resemble data of other tree censuses in the area [Thorington et al., 1982] . Canopy openness is an exception in that our measurements show a higher variability compared to another study from Barro Colorado Island in which canopy gaps were excluded [Harms et al., 2004] . The close-up view shows the structure of the tree crowns in the sampling area, red outlines refer to trees that are dry season deciduous, and gray areas indicate locations of small-scale disturbances due to tree and branch fall. Areas that do not belong to any of the former categories contain trees with indistinguishable crowns (e.g., due to lianas). The map is based on an aerial photograph from April 2008 and ground survey data (for details on the crown photograph, we refer to the work of Jansen et al. [2008] ). Locations of throughfall sampling points and the square subplots are also shown; open circles refer to locations that were chosen according to the designbased component, whereas solid circles mark locations selected by the model-based component of the applied sampling scheme.
Sampling and Instrumentation
[11] Our throughfall sampling scheme comprises a designbased and a model-based sampling component (Figure 1c ). The design-based component consists of a stratified simple random sampling with compact geographical stratification [de Gruijter et al., 2006] . We divided our 1-ha plot into 100 square subplots of 10 m side length. In each of these subplots, which represent the strata, we randomly allocated two throughfall sampling points. We then chose 20 of these sampling points at random, and selected an additional sampling location 1 m away in a random direction. This modelbased component increased the number of sampling points at short lag distances, which is important for estimating the shape of the variogram model near the origin.
[12] Throughfall samples were collected on an event basis from August 2007 to October 2008 (n = 91 events; Appendix A, Table A1 ). The sampling covered both peaks of the 2007 and 2008 wet season and the dry and subsequent transition season in 2008. Events were separated by at least two hours without rain and had to accumulate at least 0.6 mm of rainfall with a minimum mean intensity of 1.2 mm h À1 . According to this definition 198 events occurred during the study period. Logistical constraints and small scale variability of rainfall did not permit the sampling of all events. Rainfall was continuously recorded with two Hobo 1 tipping bucket rain gauges (orifice of 182 cm 2 , 0.2 mm tip resolution); additionally, we used 5 manual read out collectors (orifice of 113 cm 2 ). All rainfall was recorded in a clearing 300 m from the throughfall sampling site. The throughfall collectors (n = 220) consisted of a 2-l polyethylene sampling bottle and a funnel. The receiving area of each collector was 113 cm 2 ; hence, total sampling area in the 1-ha plot summed up to 2.49 m 2 . A polyethylene net with 0.5 mm mesh width on the bottom of the funnel prevented measuring errors due to organic material and small animals.
Measurement of Canopy Openness
[13] In order to facilitate the interpretation of throughfall data we measured canopy openness at all design-based throughfall sampling positions (n = 200). These measurements are based on hemispherical photographs, which we analyzed with Gap Light Analyzer 2.0 [Frazer et al., 1999] . We used the full spectral resolution (RGB images) because the use of all three bands results in more discernable detail in sunlit image areas [Jonckheere et al., 2005] . The hemispherical photographs were acquired using a Nikkon Coolpix 4500 digital camera with a Nikkon FC-E8 0.21x fish-eye lens. The camera was mounted on a tripod in approximately 0.5 m height and leveled horizontally. We performed all photographs under overcast conditions to minimize the anisotropy of the sky radiance. All photographs were taken between the 21st and 24th September 2007. For each of the photographs we determined the canopy openness of 6 different zenith angles: 1.9°, 3.8°, 5.0°, 7.5°, 10°and 20°. We then determined which of the different image sections correlated best with our throughfall measurements. For this analysis we used only events that were sampled in a time frame of less than a month from the date of canopy photography to minimize bias due to changing canopy structures. We found that the angle of 5.0°showed the best results; hence we used canopy openness data of this image section for further calculations. [Ribeiro and Diggle, 2001] and gstat [Pebesma, 2004] . For calculating experimental variograms with the estimator proposed by Genton [1998] , we applied the Fortran code of Rousseeuw and Croux [1993] .
Data
[15] For the analysis of the spatial correlation of throughfall measurements we used the first 60 events of the study period. We chose this subset of events because it comprises all seasonal changes of the canopy. We assumed that in case of a similar autocorrelation structure for those 60 events the analysis of further events would not provide new insights (see section 3.2.2). The data set for spatial analysis consists of 13200 observations of which 44 (0.33%) are missing values.
[16] The analysis of the temporal correlation of throughfall measurements is based on the whole data set (n = 91 events) which contains 20020 observations including 94 (0.47%) missing values. The inclusion of all 91 events was necessary to capture the temporal autocorrelation structure (see section 3.3.2). The analysis of temporal correlations requires data that is independent of event size; therefore we used standardized throughfall,T, which we calculated as:
where T c i , E i , i = 1, 2, . . ., n denotes throughfall at collector c i and event E i , i = 1, 2, . . ., n; median (T Ei ) is the median throughfall of all collectors during event E i , and MAD (T Ei ) is the median absolute deviation from the median based on all collectors during event E i .
Models to Describe Spatial and Temporal Correlation
[17] Our objective is to obtain variogram models that describe the spatial and temporal dependence among throughfall measurements. The calculation of spatial and temporal variograms differs insofar as our analysis of spatial data is based on omnidirectional variograms, whereas we used a directional variogram to describe the temporal correlation of throughfall measurements (Figure 2 ). Apart from this difference all steps in the exploratory and geostatistical analysis are very similar, thus we do not describe the analytical procedure separately. The maximum dbh is 130 cm.
[18] The variogram models have to take into account that throughfall data can be asymmetric. In general, we can distinguish two cases of asymmetry [Lark, 2000; Oliver, 2007a, 2007b] . First, asymmetry can arise from a long tail of values in the underlying (primary) process. Second, data with outliers might be regarded as the superposition of two distinct processes in which outliers that belong to another (secondary) process contaminate the underlying distribution. In both cases, the overall data distribution may appear strongly skewed.
[19] Since the effect of a skewed underlying distribution on the variogram differs from that of single outliers, data processing and variogram modeling should account for these differences Oliver, 2007a, 2007b] . In case of a skewed underlying distribution, it is recommended to transform the data, whereas the presence of outliers in the data should be tackled either by their removal or the use of robust variogram estimators [e.g., McBratney and Webster, 1986; Lark, 2000; Oliver, 2007a, 2007b] .
[20] In throughfall data sets we expect to find large outliers in the spatial but also in the temporal domain. Outliers in the spatial domain occur due to sampling locations beneath drip points of leaves or inclined stems. In the temporal domain we expect these points to be responsible for outlying values because drip points are not active during all events; hence, it is likely that these points show large temporal fluctuations with throughfall magnitude. Since outliers in both domains might not approach the center of the distribution even after transformation, we have to decide whether or not to remove them. In practice, the separation of throughfall data according to an underlying and a contaminating process is not straightforward. On the one hand, throughfall occurs locally concentrated as drip points which appear extreme compared to neighboring sampling locations. On the other hand, there is no justifiable threshold to separate drip points from the underlying process. In such cases, where the removal of contaminants, i.e., outliers, is not possible without risking the exclusion of genuine observations, and where the spatial statistics of the underlying process is of interest, robust techniques should be considered to estimate the variogram [Lark, 2000] . We therefore use robust variogram estimators in addition to Matheron's [1962] estimator, and we assess the results by means of cross validation as proposed by Lark [2000] and Oliver [2007a, 2007b] . Since departure from normality of the underlying distribution may introduce bias into robust estimators [Lark, 2000] , we perform a comprehensive exploratory data analysis and transform data if necessary prior to variogram estimation.
Exploratory Data Analysis
[21] Our exploratory data analysis and the following geostatistical analysis consist of several steps. To provide a brief overview of our data analytical methods we summarize important steps and decisions in a flowchart (Figure 3) . For exploratory data analysis we first visualized the univariate data distribution by diagnostic plots (histograms, quantilequantile plots, box plots), and calculated the coefficient of skewness. To determine the need for transformation, we used the octile skew [Brys et al., 2003] , denoted ''skew 8 ,'' which is a measure of the asymmetry of the first (O 1 ) and seventh octile (O 7 ) of the data about the median:
[22] The advantage of the octile skew compared to the conventional coefficient of skew lies in its insensitivity to extreme values. We used this robust approach to accommodate any outliers that may inflate the coefficient of skewness even though the underlying distribution has a Gaussian shape. Since in this case the skewness cannot be removed by data transformation [Kerry and Oliver, 2007b] , we wanted to transform our data only if the underlying distribution departs from normality. A rule of thumb [Rawlins et al., 2005] suggests to transform the data if the octile skew is larger than 0.2 or smaller than À0.2. We applied this rule and transformed the data if necessary to square roots or to common logarithms (log 10 ). Since the spatial data contained zero values and the temporal data comprised negative numbers (equation (1)) we added a constant of 1 and 3 to the data, respectively, to make all values just positive prior to transformation.
[23] In order to explore in detail the influence of extreme values on the experimental variograms, we also displayed the bivariate data distribution by means of h-scattergrams [Webster and Oliver, 2001] . These are scatterplots of point pairs separated by a fixed distance, which are produced for a number of lag classes. Outliers may appear in some, but not necessarily all, of those classes. Where they occur, nonrobust semivariance estimates are potentially too large. Besides this benefit of h-scattergrams in displaying extreme values, they can also be used to assess the plausibility of the effective range of a variogram model [Zimmermann et al., 2008b] .
[24] Since a geostatistical analysis requires second-order stationarity, we produced diagnostic plots (plots of the data, which were divided into quintiles; plots of the data versus the coordinates) to explore the data for nonstationarity of the mean that may be caused by local trends according to
where z(x) is the observed variable at location x, m(x) is the local mean, i.e., it represents a deterministic drift of the variable at location x, and e(x) is the random component at location x that should be normally distributed with zero mean and that satisfies the second-order stationarity. We used omnidirectional variograms to investigate spatial patterns, whereas our temporal analysis is based on directional variograms. For reasons of clarity we show only lag pairs (arrows) of selected data (solid points).
Geostatistical Analysis
[25] First we calculated experimental variograms using the estimator by Matheron [1962] :
where z(x i ) is the observed value at location x i , and N(h) are the pairs of observations that are separated by lag h.
To ensure that the selection of lag classes does not unduly influence the variogram, we used regular lag classes. That is, for the spatial analysis we calculated the semivariance at 2-m lags with a lag tolerance of 0.99 m over half the maximum separation distance; we only used a semivariance estimate if its number of contributing point pairs was at least 30. For the temporal analysis we calculated the semivariance at 1-day lags, but in contrast to the spatial analysis, we used semivariance estimates to a distance of up to 70% of the temporal extent because of the continuous large number of point pairs in these lag classes (>1700 point pairs). Four variogram models (exponential, Gaussian, spherical, pure Figure 3 . Summary of main steps and decisions involved in analyzing our throughfall data, which incorporates the recommendations for analyzing spatial data as given by Kerry and Oliver [2007a] and Zimmermann et al. [2008b] . The dashed box highlights an operation not applicable to our data, i.e., the assumption of second-order stationarity was valid for our throughfall data sets. If Matheron's estimator performs satisfactorily in studies of spatial structure, we recommend estimating the variogram parameters by residual maximum likelihood, particularly in the framework of spatial prediction. nugget) were fitted to the experimental variograms by ordinary least squares, and we selected the model which had the minimum average sum of squares from the fit.
[26] Observations that qualify as outliers potentially cause an overestimation of the sill variance. Lark [2000] showed how cross validation (or a validation subset) helps to assess the applicability of the standard variogram estimator by using a statistic q(x):
where z(x) is the observed value at location x,Ẑ(x) is the kriged estimate and s K,x 2 the kriging variance. If kriging errors follow a Gaussian distribution, q(x) will be distributed as c 2 with one degree of freedom. Since the median of the standard c 2 distribution with one degree of freedom is 0.455, the median of q(x) is also 0.455 when a variogram appropriate for interpolating intrinsic data is used. A sample median significantly (a = 0.05) less than 0.455 suggests that kriging overestimates the variance, whereas one which is greater than 0.455 underestimates the variance. In order to compute confidence limits for the median of q(x) for our data sets, we proceeded as follows. First, we performed 1000 unconditional simulations to predict the values of throughfall magnitude. Second, we used cross validation to assess each simulation using the statistic q(x); that is to say we computed the median of q(x). Third, we determined the 2.5% and 97.5% percentiles of the q(x)-median distribution to approximate 95% confidence limits. For data sets whose median of q(x) was outside those limits for the variograms based on the Matheron estimator, we calculated robust experimental variograms proposed by Cressie and Hawkins [1980] , Dowd [1984] , and Genton [1998] .The Cressie-Hawkins' estimator is given by:
The Dowd estimator is
where
. ., N(h); and Genton's estimator is given by
with y i (h) defined as for equation (7) and H = integer part (n/2) + 1, n = N(h).
[27] Because the robust estimators listed above differ in their susceptibility to skewness in the underlying distributions, and particularly in their resistance to outliers, Lark [2000] recommended the same cross-validation procedure as described above to choose among them. He suggested to use the estimator with the q(x) median closest to the expectation of 0.455, and to use the efficient Genton's estimator if none of the robust estimators are markedly better by this criterion. We adopted this recommendation; for an in-depth discussion of robust variogram estimation we refer to the work of Lark [2000] .
Results
Event Characteristics
[28] During the 14-month study period we sampled 91 events, which yielded 1089 mm of throughfall (Appendix A, Table A1 ). These 91 events vary greatly with respect to throughfall magnitude (0.1 -77.4 mm), storm intensity (maximum 30-minute rainfall intensity between 0.6 and 74.8 mm h À1 ), and antecedent wetness conditions (antecedent rainfall of previous 3 days between 0 and 88.4 mm). Since our data set not only comprises 46% of all rain events during the study period but also covers consecutive wet seasons and one dry season, we assume that our data reflects the variety of meteorological characteristics typical for the research area.
Spatial Analysis 3.2.1. Exploratory Data Analysis
[29] For the sampled events, a correlation exists between the magnitude of an event and the octile skew ( Figure 4a ) that decreases asymptotically with increasing event size. As a consequence, the shape of the underlying distribution of throughfall magnitude, which is taken into account when calculating the octile skew (equation (2)), changes from strongly right skewed for small events to Gaussian for large rain storms (Figure 4b ). This shift of frequency distributions coincides with a decline of spatial variability with increasing throughfall magnitude, as the median absolute deviation (MAD)/median ratio depends on median throughfall magnitude (Figure 4a , inlet; Appendix A, Table A1 ).
[30] A closer examination of our data ( Figure 4a ; section A, Table A1 ) reveals the processes that produce distinct shapes of throughfall frequency distributions. Small events often exhibit both a high octile skew (>0.2) and a high skew (>1.5); hence, their skewness is produced by an actually skewed underlying distribution, and not only by single outliers. We attribute the underlying skewness to the patchiness of throughfall as a function of vegetation density; that is to say, many outliers in small events originate from spots with high canopy openness ( Figure 5 ). Canopy openness, however, does not explain all outlying values. That is, during some small events we observed drip from big leaves, which we consider responsible for highly outlying values regardless of canopy closure above the sampling point (Figure 5b ). Many larger events belong to another type of frequency distribution (Figure 4b , example C) that shows a low octile skew (<0.2) but a high skewness (>1.5). Their high skewness results from a few outliers far from the centre of the data. Our field observations indicate that some of these outliers originate from stemflow drip points and leaf drip tips, which concentrate water to amounts of up to 1000% of incident precipitation. The low underlying skew of large events indicates the diminishing influence of canopy openness on the throughfall frequency distribution. The correlation of canopy openness and throughfall magnitudes corroborates this observation in that the importance of canopy openness as a predictor of throughfall magnitude decreases with increasing event size (Figure 6 ). [31] Even though drip points clearly distort the univariate distribution, their influence on the experimental variogram depends on the lag classes in which they occur as can be illustrated with two examples (Figure 7) . Event 22, which is slightly skewed (Appendix A, Table A1 ), displays no outliers in its bivariate distribution, whereas event 16 comprises one large outlier. This gets conspicuous at lag distances of more than 4 m ( Figure 7) ; hence, we expect the experimental variogram to be sensitive to this value at the 4 -8 m lag. Event 16 was not transformed because the octile skew was below 0.2; however, even after a log 10 transformation, outliers were still present in the data as revealed by diagnostic plots. The latter example shows that the octile skew in general successfully indicates transformation needs. This statistical criterion, however, cannot replace a careful examination of the data, and in some cases a transformation might be reasonable even though the octile skew is below 0.2 or above À0.2 (e.g., event 50; Appendix A, Table A1 ).
Geostatistical Analysis
[32] According to the q(x) statistic [Lark, 2000] , the nonrobust Matheron estimator (equation (4)) overestimated the semivariance in 55% of the analyzed data sets (n = 60 events) as a consequence of outliers in the data (Appendix A, Table A2 ). In these cases, we applied robust estimators and found that none of them behaved superior, though Dowds' and Gentons' estimator were often closer to the expectation of the median of q(x) than the Cressie-Hawkins estimator.
[33] When we computed the semivariance for each pair of points, x i and x j as
and plotted these values as boxplots against lag distance classes, which produces a graph called the ''variogram cloud'' [Webster and Oliver, 2001] (Figure 8a ), it became obvious that a single extreme outlier has a strong influence on the shape of that cloud. In our example (event 16), the first extremely large semivariance values occur around the 8 -10 m lag ( Figure 8a) ; not surprisingly, the Matheron experimental variogram starts to overestimate the semivariance at precisely the same distance classes (Figure 8b ). The resulting seemingly strong autocorrelation structure vanishes when experimental variograms are based on robust estimators (Figure 8b) . A transformation of data sets that display extreme outliers (Figure 4 , example C) appears to be only partly successful. Transformations reduce the influence of outliers on the semivariance cloud (Figure 8c ), and nonrobust estimates of the experimental variogram do not produce any artificial autocorrelation structure. According to the q(x) statistic [Lark, 2000] , however, Matheron's estimator still overestimates the semivariance, which is reflected in the considerable difference between sill variances calculated with nonrobust and robust variogram estimators (Figure 8d ).
[34] The variogram analysis for the subset of 60 events showed a consistent pattern, that is to say, throughfall displayed either weak or no spatial autocorrelations over the studied lag distances (Appendix A, Table A2; Figure 9 ). Since all 60 events exhibited similar throughfall autocorrelation patterns, we rule out any influence of deciduousness on these patterns.
Temporal Analysis 3.3.1. Exploratory Data Analysis
[35] Similar to the spatial data, the temporal data set shows large outlying values. This is not surprising in view of our observations that drip points are not active during all events. Their irregular activation results in large temporal fluctua- . Examples of h-scattergrams that reveal contrasting bivariate data distributions (events 22 and 16) for selected lag classes. The plots show all pairs of throughfall measurements at locations x separated by a certain lag-distance class (shown at the top of each graph); the value at the start of the distance vector h, z(x), is called the tail value, and the value at the end of the distance vector, z(x + h), is the head value. The vertical and horizontal dashed lines correspond to the population median. (4)) (open circles, solid line, respectively) and the robust estimator due to Genton (equation (8) tions of the standardized throughfall ( Figure 10 ). Since these outlying values result in both a large skewness (5.88) and a large octile skew (0.2), we log 10 -transformed the data for further analysis. These data still show some outlying values (skew: 0.32; octile skew: 0.01). They are, however, not particularly numerous; for instance, if we considered all values beyond 1.5 and 3 times the interquartile range from the upper quartile as outliers, the rate of contamination would be 0.0146 and 0.0022 (Figure 11 ).
[36] To investigate whether our data show local trends we first produced several diagnostic plots (e.g., plots of the data versus the time of sampling) which displayed no trend in the data. Furthermore, we checked if correlations of throughfall measurements between events show similar trends over time regardless of the season. For this analysis we compared events sampled during the transition from dry to wet season (the time of leaf flush) with events that occurred during the peak of the rainy season 2007. This comparison is based on 14 events in both periods of similar throughfall magnitude (Wilcoxon rank sum test, p = 0.98, n = 14). Surprisingly, we did not detect any differences between measurements of the two sampling intervals (Figure 12 ). This result indicates that deciduousness does not influence temporal correlations of throughfall measurements in our sampling area. Figure 10 . Fluctuations of the standardized throughfall, T c i , E i , through time at two selected sampling locations. The black dots and the dotted line illustrate the temporal behavior of a drip point, whereas the gray dots and the solid line refer to a sampling location where no drip was detected. Note the disappearance of the drip point after event 60. Figure 11 . Box-and-whisker plot of the throughfall data used for estimating the temporal variogram (n = 19926). The box contains the middle 50% of the data, the horizontal line in this box refers to the median. The whiskers illustrate the distance of 1.5 times the interquartile range from the quartiles. Data points beyond this distance are shown as gray circles, and crosses indicate values with a distance of three times the interquartile range from the quartiles. (4)) (black circles, black line, respectively), and the robust estimator due to Dowd (equation (7)) (gray circles, gray line, respectively). Details of the theoretical variogram model for the latter estimator are given in Table 2 .
Geostatistical Analysis
[37] Though the transformed data exhibit only a few outliers that skew the distribution rather modestly, the q(x) statistic [Lark, 2000] indicated that the nonrobust Matheron estimator overestimated the semivariance (median of q(x) = 0.303). Hence we applied robust estimators and found that Dowd's [1984] estimator provided satisfactory results (median of q(x) = 0.451). Interestingly, our results show that even a very low fraction of outlying values (<1.5% of the data) influences the sill variance of Matheron's [1962] estimator; the shape of the variogram, however, displays almost no difference between nonrobustly and robustly estimated temporal variograms ( Figure 13 ).
[38] Our data show that throughfall exhibits long-term persistence, that is, measurements at individual sampling points correlate over consecutive wet seasons ( Figure 13 , Table 2 ). The variogram indicates that these correlations vanish after one year. This long-term persistence preserves the spatial variability of throughfall through time which is reflected in large differences between dry and wet sampling points. The driest locations in our study area received only 16% of rainfall, whereas extreme wet spots accumulated up to 350% of rainfall during the 14-month sampling period.
Discussion
A Call for Robust Variogram Estimation Techniques
[39] The majority of throughfall studies report asymmetric frequency distributions [Ford and Deans, 1978; Lloyd and Marques, 1988; Kostelnik et al., 1989; Cavelier et al., 1997; Bellot and Escarre, 1998; Hölscher et al., 1998; Germer et al., 2006; Holwerda et al., 2006] . Only a few studies in temperate forests detected Gaussian behavior of throughfall quantity [Loustau et al., 1992; Möttönen et al., 1999; Keim et al., 2005] . Our data indicate that throughfall frequency distributions can be positively skewed for different reasons. Small events show a high skew (Figure 4b , Example A) because throughfall mainly consists of the free throughfall component (Figure 5a ), which originates from rain falling in gaps without striking the canopy [Gash, 1979; Loustau et al., 1992] . As soon as rainfall magnitude increases, free throughfall alone does not account for all outlying values (Figure 6 ) because water on leaves begins to coalescence and drip occurs (Figure 5b ). Large positive skewness and a large spatial variability of small events have been detected by many studies regardless of forest type [Bellot and Escarre, 1998; Staelens et al., 2006] . In contrast, many large events show a high skew (Figure 4b , Example C) due to a few outliers caused by drip points. Lloyd and Marques [1988] detected a similar structure in the throughfall frequency distribution of a Brazilian tropical forest and noted the influence of drip points. If the latter are absent, however, large events tend to show a low skewness and a relatively low spatial variability [Loustau et al., 1992; Bellot and Escarre, 1998; Staelens et al., 2006] , which is also reflected in our data where large events have low octile skews ( Figure 4a ) and a low MAD/median throughfall ratio (Figure 4a, inlet) .
[40] Our results and the above list of studies provide evidence that a positive skew of throughfall frequency distributions is the rule rather than the exception, particularly in tropical forests [Lloyd and Marques, 1988] . Interestingly, our data show that sampling locations which represent outliers in the spatial domain are also responsible for extreme values in the temporal domain because outlying values at these points do not occur in every event (Figure 10) . Extreme values in both domains influence the nonrobust variogram estimator (spatial data: Figure 8 ; temporal data: Figure 13 ) because they cause an overestimation of the sill variance (Figures 8 and 13 ) and in some cases they even induce spurious autocorrelation structures (Figures 7 and 8) . Theoretical studies of the influence of outliers on the variogram showed that the size of the data set is less important than the rate of contamination [Kerry and Oliver, 2007b] . Our results confirm these theoretical findings and provide evidence that even very low rates of contamination (<1.5% of the data) potentially distort nonrobust variogram estimates (Figures 8  and 13 ). This problem cannot be solved by common transformations, such as square root or log 10 transformation (Figures 8 and 13 ), because some outliers in our throughfall data sets, e.g., those originating from drip points, are too far from the centre of the data. Therefore in many cases the use of robust variogram estimators to model spatial throughfall data appears inevitable if one wants to avoid the arbitrary decision of removing outliers prior to geostatistical analysis. It must be reemphasized, however, that an underlying Gaussian distribution is of particular importance for robust variogram estimation so as to avoid bias [Lark, 2000] . Our study demonstrates that different processes induce distinct throughfall frequency distributions and that data treatment has to account for these differences; that is, many small throughfall events have to be transformed to square roots or logarithms before geostatistical analysis, whereas large events often require robust variogram estimation.
[41] In the presence of outliers, we mainly chose the robust estimators proposed by Dowd [1984] (equation (7)) and Genton [1998] (equation (8)), a choice that is justified by the behavior of their influence functions [Hampel et al., 1986] . The performance of these functions can be described by several measures; one such is the gross error sensitivity [Genton, 1998; Lark, 2000] . This measure indicates that only Dowd's and Genton's estimator are B-robust, that is, the estimators have a bounded asymptotic bias. Matheron's (equation (4)) and the Cressie-Hawkins' estimator (equation (6)), in contrast, are not B-robust because the effect of an outlying value x = z(x i ) À z(x i + h) is proportional to x 2 and x 0.5 over all x, respectively [Lark, 2000] . Another important measure of robustness is the breakdown point [Hampel, 1971 ]. Dowd's and Genton's estimator show a large robustness as their breakdown point is 0.5 (the maximum of any estimator), which means that half of the pair differences, y i (h), may be replaced by arbitrary large or small values before the estimatorsĝ D (h) andĝ G (h) collapse [Lark, 2000] . In comparison, the Cressie-Hawkins estimator The effective range R eff for an exponential model is calculated as R eff = range*3.
is not robust by this commonly used criterion in robust statistics as its breakdown point is zero [Genton, 1998; Lark, 2000] .
[42] To summarize, we wish to highlight two critical steps in a geostatistical investigation of throughfall data. First, a careful exploratory data analysis is necessary to determine transformation needs, and to detect outliers in the data set in order to understand their influence on the estimated covariance functions. In particular, the analysis of the bivariate distribution by means of h-scattergrams [Webster and Oliver, 2001 ] is a useful tool as it reveals in which lag classes outliers appear and hence, in which lag class the standard estimator (equation (4)) potentially overestimates the variogram (Figures 7 and 8) . Second, the q(x) statistic [Lark, 2000] is a valuable criterion to assess the applicability of the standard variogram estimator (equation (4)); furthermore, it can be used to eventually choose among robust estimators [Lark, 2000] . The choice of the variogram estimator depends on the characteristics of the data, because the difference between the Cressie-Hawkins' estimator [Cressie and Hawkins, 1980] and the other robust estimators,ĝ D (h) andĝ G (h), is not always of practical importance as outliers in real data sets are not unbounded [Lark, 2000] . Throughfall data sets that contain extreme outlying values, however, may call for highly robust variogram estimators such as Dowd's [Dowd, 1984] and Genton's [Genton, 1998 ] estimator. Surprisingly, robust variogram estimation techniques, which have been widely used in hydrology and soil science [e.g., Shouse et al., 1990; Mohanty et al., 1991; Woodbury and Sudicky, 1991; Lark, 2002; Sobieraj et al., 2004] , have yet to be applied in studies that deal with throughfall patterns. Unfortunately, some throughfall studies [e.g., Shachnovich et al., 2008] do not provide sufficient information on the uni-and bivariate distributions, which casts doubt on the choice of the nonrobust estimator (equation (4)).
An Attempt to Separate Spatial Patterns From Spatial Illusions: Insights From a Global Comparison
[43] A comparison of a variety of forest ecosystems reveals large differences of throughfall autocorrelation patterns (Table 3) . Large variations of the sampling scale triplet (Table 3) , which comprises spacing, support, and extent [sensu Blöschl and Sivapalan, 1995; Blöschl, 1999] , do not exactly facilitate the interpretation of these patterns. Ideally, sampling and modeling scales are commensurate with the scales of variation of the variable of interest [Blöschl, 1999; Skøien and Blöschl, 2006] . Since most throughfall studies [Loustau et al., 1992; Bellot and Escarre, 1998; Keim et al., 2005; Staelens et al., 2006] detected a large spatial variation over small scales, an adequate sampling scheme would involve a small spacing, small support, and a sufficiently large extent to cover typical forest structures. When sampling scales do not match the scale of the process in question, they will affect the estimated autocorrelation structure; for instance, large spacings led to overestimation of the correlation length [Russo and Jury, 1987; Skøien and Blöschl, 2006] . Therefore the speculation of Loescher et al. [2002] that ''large tree canopies and gaps are the source of much of the spatial variance in throughfall volume'' does not necessarily explain the observed range. It is more likely that the large throughfall correlation length of more than 40 m [Loescher et al., 2002] reflects the large spacing of the sampling points (Table 3) .
[44] Webster and Oliver [2001] demonstrated that experimental variograms based on fewer than 50 data are often erratic. They recommended using no fewer than 100, and ideally 150 observations, for a reliable variogram if the variation is isotropic. We support this recommendation and suggest analyzing variograms of several events; if consistent autocorrelation patterns emerge [Keim et al., 2005] , an erratic variogram structure can be ruled out. This implies that conclusions drawn from a single variogram based on fewer than 100 observations [e.g., Loescher et al., 2002; Staelens et al., 2006] have to be interpreted with a grain of salt.
[45] Keim et al. [2005] noted that the throughfall correlation length corresponds roughly to one crown diameter. Our data (Figure 9 ; Appendix A, Table A2 ) do not support this suggestion. We suppose that tree canopy structures may indeed influence throughfall autocorrelation patterns, but in We detected a pure nugget structure in 82% of the analyzed events, the remaining events showed weak structures (i.e., high nugget/sill ratios) with highly variable effective ranges.
areas with a highly variable understory those patterns are likely to disappear because in thick understory throughfall is redistributed before it eventually reaches the forest floor, whereas in locations with a sparse understory it is not. This supposition, however, cannot be tested yet because only few studies provide sufficient data [Möttönen et al., 1999; Keim et al., 2005] ; that is, other study sites [Loustau et al., 1992; Bellot and Escarre, 1998 ] cannot be compared because their low number of throughfall sampling locations alone (Table 3) could be responsible for the detected pure nugget autocorrelation structure. 4.3. Temporal Persistence of Throughfall: Long-Term Data Sets and Long-Term Persistence
[46] The majority of studies that investigated the persistence of throughfall detected a temporal stability over several months [Raat et al., 2002; Staelens et al., 2006; Zimmermann et al., 2007 Zimmermann et al., , 2008a ; our results are no exception ( Figure 13 ; Table 2 ). They also imply that wet and dry areas persist over consecutive wet seasons, which may have some ecological relevance because moisture gradients at the forest floor influence, for instance, root water uptake [Bouten et al., 1992] , nitrification-denitrification rates [Carnol and Ineson, 1999; Raat et al., 2002] and arthropod distributions [Kaspari and Weiser, 2000] .
[47] A comparison of our experimental setup with a range of studies that investigated the persistence of throughfall measurements in temperate [Raat et al., 2002; Keim et al., 2005; Staelens et al., 2006] and tropical forests [Zimmermann et al., 2007 [Zimmermann et al., , 2008a ] reveals large differences with respect to design criteria (e.g., number of sampling points and occasions) and data analytical methods. To our knowledge this study is the first attempt to describe the temporal persistence of throughfall with variograms. Since reliable variogram analyses require relatively large data sets, benefits have to justify the expense necessary to acquire such data sets. So far, various versions of time stability plots have been used to analyze temporal persistence of throughfall [Raat et al., 2002; Keim et al., 2005; Staelens et al., 2006; Zimmermann et al., 2007 Zimmermann et al., , 2008a . These graphs plot standardized throughfall for all sampling points and occasions in order to illustrate whether spots receiving large or small throughfall volumes persist over time [Keim et al., 2005] . Their main drawback is that unlike temporal variograms they do not reveal the length of the time period over which throughfall measurements are correlated ( Figure 13 ; Table 2 ). Another disadvantage of time stability plots is that they do not differentiate between temporal lags. Therefore these plots cannot be used for the analysis of long-term data sets because as soon as temporal correlations vanish they will detect a lower persistence. In other words, the quality of temporal variograms usually improves with increasing duration of throughfall monitoring due to an increase in contributing point pairs per lag, while time stability plots deteriorate when the observation period exceeds the range of temporal correlations.
[48] Regardless of methodological differences, a comparison of studies which monitored throughfall over several months [Raat et al., 2002; Staelens et al., 2006; Zimmermann et al., 2008a] reveals that deciduous forests in the temperate zone exhibit a relatively low temporal persistence of throughfall measurements. This can be explained by seasonal variations in canopy foliation [Staelens et al., 2006] . In contrast, temperate coniferous forests display a relatively high persistence of throughfall measurements [Raat et al., 2002] . Deciduousness, however, is not restricted to high latitudes, and some tropical forests show a lower persistence of throughfall during leaf flush [Zimmermann et al., 2008a] . Nonetheless, our results (Figures 12 and 13) indicate that phenological dynamics are not necessarily influential. The proportion of deciduous trees and the occurrence of some palm species (e.g., Orbignya phalerata Mart.), which are known to strongly affect the redistribution of rainfall due to their seasonal leaf growth and conducive morphology [Germer et al., 2006] , may help to explain the diversity of temporal persistence in tropical forests.
Conclusions
[49] We summarize our results by answering the research questions posed in the introduction:
[50] 1. Throughfall data sets show frequently a large positive skew. Outliers in both the spatial and the temporal domain influence the standard, nonrobust variogram estimator, which primarily results in an overestimation of the sill variance and, to some extent, in spurious autocorrelation structures. Common transformations are important for reducing the underlying skewness but cannot guarantee satisfactory results in cases where outliers are far from the centre of the data. In addition to a thorough exploratory data analysis, we propose to apply the q statistic [Lark, 2000] to assess the need for robust variogram estimation when modeling spatial throughfall data. In the presence of outliers, Dowd's [Dowd, 1984] and Genton's [Genton, 1998 ] estimators were chosen most frequently by this criterion, which can be explained by their B-robustness and high breakdown points.
[51] 2. The redistribution of rainfall in our study area, a 1-ha plot of tropical forest, results in rather weak or nondetectable throughfall autocorrelation patterns over the studied lag distances. We speculate that this weak or pure nugget spatial structure of throughfall is typical in areas with highly variable understory vegetation because at some locations throughfall is redistributed several times before it eventually reaches the forest floor, whereas in other areas it is not.
[52] 3. Throughfall measurements show a high temporal persistence, and wet and dry areas, respectively, outlast consecutive wet seasons. Seasonality, and hence deciduousness, seems to have no influence on temporal autocorrelations in our research area. Wet spots accumulated up to 350% of incident rainfall, whereas the driest points received only 16% of rainfall during the 14 month study period. The longterm persistence of this spatial heterogeneity may influence biogeochemical processes at the forest floor. This study introduces variogram analysis as a useful tool to assess the temporal persistence of throughfall measurements.
[53] We hope that our work will stimulate research on throughfall spatial and temporal patterns in other places. To improve the understanding of rainfall redistribution in forest ecosystems and its influence on near-surface processes, we have to improve the comparability among study sites. Therefore we propose to standardize the sampling scale triplet, which ideally involves plots of 1 ha and a sufficient number of sampling locations, particularly at small lag distances.
Appendix A
[54] Tables A1 and A2. 
